Parametric response mapping (PRM) of paired CT lung images has been shown to improve the phenotyping of COPD by allowing for the visualization and quantification of non-emphysematous air trapping component, referred to as functional small airways disease (fSAD). Although promising, large variability in the standard method for analyzing PRM fSAD has been observed. We postulate that representing the 3D PRM fSAD data as a single scalar quantity (relative volume of PRM fSAD ) oversimplifies the original 3D data, limiting its potential to detect the subtle progression of COPD as well as varying subtypes. In this study, we propose a new approach to analyze PRM. Based on topological techniques, we generate 3D maps of local topological features from 3D PRM fSAD classification maps. We found that the surface area of fSAD (S fSAD ) was the most robust and significant independent indicator of clinically meaningful measures of COPD. We also confirmed by micro-CT of human lung specimens that structural differences are associated with unique S fSAD patterns, and demonstrated longitudinal feature alterations occurred with worsening pulmonary function independent of an increase in disease extent. These findings suggest that our technique captures additional COPD characteristics, which may provide important opportunities for improved diagnosis of COPD patients.
clinicians with a relatively non-invasive and reproducible approach that provides functional information that is spatially defined. Although various instruments (e.g. PET, SPECT and MRI) are heavily investigated as surrogates of pulmonary function and clinical outcome 9 , CT, with its high resolution and lung contrast, continues to be the most widely used medical imaging device in the clinic. As such, advances in this technology would have an immediate impact on patient care.
CT is inherently a quantitative map, where x-ray attenuation is linearly proportional to lung tissue density 10, 11 . Extensive research in CT image post-processing has generated an array of potentially diagnostic and prognostic measures. Filter-based techniques and airway wall measurements have been extensively explored [12] [13] [14] . Not only have these methodologies advanced our understanding of COPD, they are also becoming more prevalent in clinic decision-making. In fact, the quantification of discrete phenotypes of emphysema using CT has had an impact on patient care. At present three emphysema patterns (i.e., centrilobular, panlobular, and paraseptal emphysema) have been identified, each of which are strongly associated with a range of respiratory physiologies and functional measures 15, 16 . The understanding that unique spatial patterns of emphysema serve as indicators of COPD subtypes has spawned progress in lobe segmentation algorithms 17, 18 as well as the need to evaluate CT-based features 19 . Although our understanding related to the clinical implications of the spatial patterns of emphysema is emerging 20 , little is understood about the non-emphysematous component of COPD, commonly associated with small airways disease.
Small airway disease, a major component of COPD, is generally characterized by the presence of inflammation, fibrosis, and mucous plugging, all of which contribute to airflow obstruction. At less than 2 mm in diameter, these airways are essentially invisible to clinical imaging scanners, hindering accurate COPD phenotyping by CT especially when emphysema is radiographically identified. The Parametric Response Mapping (PRM) technique 21 addressed this limitation. Through the spatial alignment of paired inspiration and expiration CT scans, PRM of CT data delineates and quantifies non-emphysematous air trapping, an indirect measure of small airways disease (SAD), even in the presence of emphysema 21, 22 . The extent of fSAD, as measured by PRM as the relative volume (%PRM) in the lungs, has been reported to be an independent indicator of pulmonary function decline as well as other clinically relevant measures, re-affirming previous histological studies [22] [23] [24] . In addition, McDonough and colleagues have shown pathologically in human core lung specimens imaged by micro-CT that small airways disease may in fact serve as a precursor to emphysema 25 . This highlights the potential importance of the independent and non-invasive evaluation of fSAD through PRM 26 . Although the spatial information of fSAD is retained as a 3D PRM classification binary map, studies have primarily focused on the use of a whole-lung measure of fSAD, presented as a relative lung volume, which serves as the extent of this COPD component within the patient. As observed with emphysema, the spatial distribution of fSAD may aid treating physicians by providing them unique diagnostics that serve as a surrogate of clinically meaningful outcomes.
The present study demonstrates an extension of the PRM approach that extracts local topological features from PRM-derived disease classifications maps ( Fig. 1 ). Using CT scans from COPD patients assessed as GOLD stage 1-4 accrued as part of a well-controlled multi-center clinical trial 27 , we found that disease pattern (i.e. topological features) is correlated with COPD severity independent of disease extent (i.e. relative volume). Through micro-CT analysis of explanted lung cores from a lung transplant recipient with bronchiolitis obliterans syndrome, an obstructive lung disease‚ and longitudinal CT data acquired from a COPD subject, we provide anecdotal evidence that PRM-derived topological features are associated with structural differences and may also reveal trends in progressing obstructive disease. This work demonstrates for the first time that spatial features extracted from PRM fSAD maps, specifically the surface area (S fSAD ), provide independent predictors of clinical outcome measures, as well as provide illustrative examples that these features are associated with unique airway and parenchyma structures and disease progression.
Results
Topological Features. The topological features of the PRM classification binary maps of fSAD and emphysema, defined throughout as PRM fSAD and PRM Emph , were determined using the Minkowski Functionals: surface area (S i ), mean curvature length (B i ), the Euler-Poincare characteristic (χ i ), and a condensed descriptor of clustering (α i ), where i is an index for fSAD or Emph determined by PRM. These measures were determined locally, referred to as "Local", over sub-volumes of the lung using a moving window approach resulting in a 3D parameter map for each metric, or globally, referred to as "Global", over the entire lung volume resulting in a single parameter scalar quantity for each metric. For statistical analysis Local values represent the full lung mean value. Four Local and four Global topological metrics were generated from each binary PRM classification map. We first sought to determine the robustness of each parameter by performing a linear regression of the mean of Local parameters to their Global parameters when applied to PRM fSAD , all voxels classified as fSAD by PRM, and PRM Emph , all voxels classified as emphysema by PRM, binary maps. We observed for the surface area (S) of PRM fSAD and PRM Emph near perfect agreement between Local and Global calculations (Supplemental Fig. 3 ). Linear regression of Local and Global S i generated R 2 of >0.999. Increasing complexity of the topology metric was found to demonstrate less correlation between Local and Global calculations with α demonstrating clear disagreement between measures (R 2 < 0.3; Supplemental Fig. 3 ). Based on these results, the focus of this study will be on the Local surface area (Local S i ) as it was found to be robust while retaining spatial information throughout the lungs. This topology metric provides an indication of the number of adjacent like-neighbors within a local volume. A local volume with sparsely distributed like-neighbors (dispersed) would result in an elevated S, while co-localization of like-neighbors (cluster) would result in diminished S for the same relative volume. It must also be considered that, at high and low extremes of relative volume, the possible range in S would intrinsically be reduced by limitations in the number of possible interactions between like-neighbors, which is why topological features presented in this study are always considered in the context of their respective relative volumes. More detailed descriptions of all Minkowski Functionals are provided within the supplement. For completeness, analyses of Local and Global B i , χ i and α i , as well as Global S i , are presented in the supplement.
Patterns of Disease.
Recent studies have demonstrated a strong correlation of total lung relative volume of PRM fSAD to relevant clinical measures 21, 22 . Nevertheless, the relative volume of PRM fSAD , extent of fSAD, has shown wide variability in recent studies resulting in attenuation of its sensitivity to clinical measures. As COPD is a progressive disease, the severity of SAD will vary over time which may explain the large variability observed in the relative volume of PRM fSAD from cross-sectional studies. The strength of our approach is the ability to delineate disease pattern that resides within our PRM classification maps, allowing for further phenotyping of individual patients. We postulate that the topological pattern (i.e. feature) of PRM fSAD may be a correlative contributing factor to the observed variability in the relative volume of PRM fSAD as it relates to clinically meaningful metrics and thus may in fact be diagnostically important. Here we provide two GOLD 2 cases to illustrate unique spatial patterns, i.e. Local S i , with similar relative volumes in PRM fSAD ( PRM Emph (I: 1.4% and II: 1.6%). Local S fSAD maps for these two subjects ( Fig. 2 ) revealed differing patterns within the lungs with mean local values of 0.593 and 0.467 for Subject I and II, respectively. Additional metrics also showed differences in the PRM fSAD topology between Subject I and Subject II (Supplemental Fig. 4 ). Through our approach we were able to extract pattern information that was represented as an easily interpreted scalar quantity with dispersed disease demonstrating higher values in Local S fSAD . We next evaluated our parameters using GOLD Comparison. We evaluated the relationship between Local S i and relative volume of PRM i (Fig. 3 ) as well as GOLD status over the entire subject population ( Fig. 3 and Supplemental Figs 5 and 6). Negligible differences were observed in age, BMI and pack-years between GOLD groups (Supplemental Table 1 ). The relationship between the relative volumes of PRM Emph and PRM fSAD with increasing GOLD status was consistent with previous reports using COPDGene and SPIROMICS trial data 21, 22 (Fig. 3A , Supplemental Table 1 ). For a relative volume of PRM Emph < 10%, a near-linear trend was observed with Local S Emph (Fig. 3B ). Subjects with severe to very severe COPD showed a diminished relationship between Local S Emph and relative volume of PRM Emph , suggesting increased variability in the emphysema pattern. In contrast to Local S Emph , Local S fSAD demonstrated extensive variability for a given relative volume of PRM fSAD , even within GOLD status ( Fig. 3C ). This suggests wide variability in fSAD pattern within this study cohort. Similar results were observed for Global S fSAD measurements (Supplemental Fig. 5 ). Each of the Local topological metrics exhibited unique trends with increasing GOLD status (Supplemental Fig. 6 and Supplemental Table 2 ). Nevertheless, the observed variation within GOLD status for our feature patterns may be indicative of COPD subtypes independent of the extent of disease (i.e. relative volume of PRM fSAD ).
Clinical Outcomes. Based on our regression analysis, Local S fSAD was found to be a significant model parameter of all clinical outcomes, independently of the relative volume of PRM fSAD (Table 1) . Similarly, Local S Emph was a significant parameter for all clinical metrics except for the St. George's Respiratory Questionnaire (SGRQ) total score and 6-minute walking distance, where the relative volume of PRM Emph was the dominant parameter in the regression models (Table 1) . As expected, Global S i generated near identical results to the Local S i (Supplemental Table 3 ). The remaining Local metrics were found to be weak parameters with little to no contribution to many of the regression models (Supplemental Table 3 ). This trend substantially changed when the entire PRM fSAD classification map, i.e. Global assessment, was used to calculate a single scalar quantity of χ and α but only when applied to the PRM fSAD classification map (Supplemental Table 3 ). This discrepancy between Local and Global calculations of the more complex topology was most likely attributed to the scope of data being analyzed, with the small window size not able to capture the same features as the global analysis. Nevertheless, we have demonstrated for the first time that the pattern of PRM fSAD , using our technique for extraction of spatial topology, is strongly correlated with clinical readouts even when considering the overall extent of the disease (i.e. relative volume of PRM i ).
Case Study 1: MicroCT Analysis of Tissue Explant in BOS.
Here we provide a case that demonstrates our topological metrics reflect the microenvironment of lung tissue with bronchiolitis obliterans syndrome (BOS) as determined by microCT. BOS, a chronic lung allograft dysfunction in lung transplant recipients, is characterized by a spirometric decline, obliterative bronchiolitis (OB) on histopathologic examination and air trapping and mosaic attenuation on CT. The following case is from a 64-year-old male diagnosed with BOS 6 months subsequent to initial transplantation for COPD. Subject underwent re-transplantation 2.5 years later for end-stage BOS. Prior to the later resection of the lung, PRM analysis showed elevated PRM fSAD (56% of the lung volume) in the BOS lung. Although a high volume fraction of fSAD was observed in the analyzed explant section, topological analysis of PRM fSAD revealed varying feature types in different regions that could not easily be identified on the PRM map or CT images alone ( Fig. 4 ). Cored samples (A and B in Fig. 4 ) were analyzed from two regions of the lung section and found to have varying values in Local S fSAD and χ fSAD (Supplemental Table 4 ). Observable differences in microenvironment were ascertained by microCT of two core samples from the same explanted lung . Comparison between %PRM Emph and %PRM fSAD showed trends with increasing disease severity that has been observed in previously published work 21, 22 . Local S i values and respective %PRM i values reveals a strong correlation at low volume fractions showing greater spread with increasing volume fractions. section. Core A was found to have more severe disease with two obliterative bronchioles, whereas no obliteration was observed in Core B. These results confirm that the Local S fSAD and χ fSAD may be sensitive to the degree of obliteration, and possibly severity of small airway disease.
Case Study 2: Monitoring 5 Year Progression of COPD. Next we provide a longitudinal case demon-
strating the potential of our PRM topological feature technique to capture disease progression as assessed by spirometry with negligible changes in the relative volume of PRM fSAD . The subject was a 66-year-old male accrued as part of the COPDGene 5-year trial. Upon enrollment, this subject was diagnosed with GOLD 2 COPD (FEV1% predicted of 56.1%). At the 5-year follow-up, the subject demonstrated spirometric decline (FEV1% predicted of 40.6%) subsequently diagnosed with GOLD 3 COPD. No substantial increase in the relative volume of fSAD as measured by PRM was observed, yet the Local S fSAD was found to decrease over the 5-year period (0.62 to 0.41) suggesting clustering of disease ( Fig. 5 ). Here we demonstrate that our PRM topological metric is sensitive to progressive disease that manifests as a local coalescing of obstruction brought about by small airway disease.
Discussion
We have introduced a unique CT-based methodology for classifying COPD phenotypes by their topological properties. Utilizing PRM-derived component classification maps, disease patterns were extracted and quantified to generate imaging surrogates of relevant clinical outcome measures. Although recent studies have evaluated PRM as a quantitative index of disease type (i.e. fSAD and emphysema) and extent (i.e. relative lung volume), the spatial context inherent to this technique is currently underutilized. Evaluation of the spatial distribution and pattern of PRM-derived COPD components may lead to better-informed clinical care through better insight into the heterogeneous clinical subtypes of COPD, with broad application to other obstructive pulmonary diseases (e.g. BOS) 25, 28, 29 .
Different methods have been proposed for quantifying spatial patterns and texture, including fractal analysis 30 , variograms 31 , lacunarity analysis 19 and Minkowski functionals (MF) [32] [33] [34] , of which many have been used to investigate lung diseases. In this study, we have elected to use the Minkowski functionals as open source algorithms are readily available, easily implemented and may be applied to an entire object or computed locally to retain spatial information 31, 33 . As a sensitive measure of dispersed versus clustered disease, we executed these functions (i.e. S, B, χ and α) on PRM classification maps, revealing unique spatial patterns of emphysematous and non-emphysematous air trapping, an indirect measure of small airways disease, as indicators of meaningful clinical measures. By incorporating phenotypic information obtained by PRM with topological analyses, we are able to more fully evaluate information within paired CT data.
The focus in this study was placed on S i due to its high correlation with clinical measures and its stability between Local and Global evaluations. This measure is indicative of texture, with higher values indicating a more dispersed disease and lower values indicating a patchy pattern. Simulated values of S for random distributions (Supplemental Fig. 2 ) reveal symmetry around a volume fraction of 0.5, intuitive as a positive contrast vs. negative contrast image. This could obfuscate results that span the entire range of volume fractions, which is clearly possible for local analysis on inspection of subject II in Fig. 2 . As performed in our two cases, the Local volume density (V i ) of the PRM classification map was always considered when interpreting values of Local S i (Figs 4, 5 , Supplemental Table 4 ). Although an in-depth evaluation of this effect is warranted, our results clearly show the potential of this technique at extracting meaningful information from the PRM classification maps (Table 1 and  Supplemental Table 3 ). Extensive work has been performed for stratification of disease phenotypes through analysis of emphysema patterns. Many of these studies have concluded that dispersed emphysema patterns are indicative of an accelerated decline in lung function 4, [34] [35] [36] . Because identification of the non-emphysematous component has only recently been attainable, little is known about the correlation of its topological features to clinical outcomes. Wide variations in PRM-derived fSAD distributions are known to exist from qualitative observations, and our results show that fSAD topology, through Local S fSAD , is significantly correlated with all clinical measures assessed in this study and may provide complementary insight into the disease than what is attainable through disease extent alone (i.e. % PRM fSAD ). In fact, based on our findings we postulate that the metric Local S i is capturing varying states of SAD during progression (see Fig. 3 ). At the early onset of SAD, local parenchyma in the vicinity of affected terminal airways will demonstrate a drop in tissue density (HU on CT scans) from air trapping. This will result in a dispersed pattern in PRM fSAD near the diseased region. As the local disease progresses it may spread throughout the lungs resulting in spirometric decline. Yet within the vicinity of the original onset, the disease may also progress from a dispersed pattern to one that is more concentrated (i.e. clustered, see Fig. 5 ). It is this critical point that may indicate the onset of emphysema, which would be considered a local end-stage disease.
An important feature of our approach is the retention of spatial information from the original PRM classification maps, which is only attainable through the Local topological analysis. This method is not trivial as it is computationally heavy, requiring long processing times. To reduce our computation times while maintaining sufficient spatial information, local determination of topologic indices was performed using a gridded analysis where our moving window overlaps the subsequent window. Our motivation is to provide each window with sufficient local image information to adequately describe the local metric behavior. However, results are affected by the choice of such parameters as grid spacing and kernel size and shape (Supplemental Methods). Clearly the sensitivity of each topological parameter varies to the process of Local analysis. Regression analyses of Local and Global S to clinical outcomes provided similar findings irrespective of PRM phenotype, i.e. emphysema and fSAD (Table 1 and Supplemental Table 3 ). In stark contrast, measures χ and α demonstrated mixed results for Local and Global analyses of PRM fSAD classification map, where weak and strong correlations were observed for Local and Global analysis, respectively. Only through local analysis of the topological features were we able to select ex vivo core samples based on topological features. From a single case, microCT analysis of these cores allowed us to confirm the extent of disease (i.e. relative volume of PRM fSAD ) in these regions as well as relate fSAD patterns (i.e. topology of PRM fSAD ) with physical tissue properties ( Fig. 4 and Supplemental Table 4 ). In addition, we demonstrate the application of our local topological feature metric to monitor local disease coalescence in progressive COPD (Fig. 5) . The results presented here provide rationale for further validation studies necessary to statistically correlate in vivo PRM topological features to physical phenomena and longitudinal assessment of disease progression.
The following study has limitations that require additional attention. The current study evaluated a methodology that extracted feature patterns from PRM classification maps generated from high-resolution CT data. Our study was fortunate to have access to CT data from a well-controlled multi-center observation COPD trial. Nevertheless, different reconstruction kernels and scanner systems are known to result in variations in HU values. These variations affect the PRM classification maps and resulting topology calculations 37 . Consistent use of reconstruction kernels and scanner is therefore preferred for any prospective analysis of this type. In addition, image resolution is critical for topological comparisons, as lower resolution will intrinsically appear more clustered, biasing the feature patterns in the CT image. Minimal variation in image resolution was found between data sets for this study. Nevertheless, care was taken in accounting for image noise, as well as registration errors, while assessing our metrics 37 . Image noise on typical CT images acquired for this study had a magnitude on the order of 100HU, which could easily translate to the misclassification of voxels and may affect our topological measures by altering the PRM classification maps. Greater noise in the image would be expected to artificially increase dispersion within the PRM classification maps. In the presented analysis, a median filter was applied to each CT image to mitigate this noise effect. The existence of image registration error and its effect on PRM has been the topic of much debate since its original conception, and parameters sensitive to the geometrical distribution of registered data may be particularly biased. A full evaluation of the sensitivity and specificity of our PRM topological approach was not possible. The relatively small number of subjects used in our study limited the power of our statistical analyses. However, it is important to note that these errors would be expected to obfuscate trends rather than create them as seen in our population analysis. Also, many of these concerns are not unique to PRM or our proposed approach, but are a concern to all quantitative CT-based techniques.
Figure 5.
A subject with COPD staged at baseline with GOLD-2 (first column) with 5-year follow-up (second column) revealing a progression to GOLD-3. No substantial change in %PRM fSAD was detected (first row), however a striking drop in Local S fSAD was found (second row). This demonstrates a potential pattern of progression, with diffuse disease coalescing into more focal distribution.
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We also wish to address the use of individual cases as illustrative examples in order to demonstrate the potential of our new PRM approach. The topological feature indices presented in this study are highly abstract and not easily interpreted. Inclusion of the BOS case ( Fig. 4) provides physiological meaning to S fSAD as related to structural differences of the airway and lung parenchyma confirmed by microCT of explanted human lung specimen. Although mechanistically different from COPD, SAD in BOS also is radiographically identified on expiration CT scans as regions of air trapping (low-attenuation regions). In addition, BOS is a SAD-dependent disease allowing us to evaluate our metrics without confounding characteristics, such as emphysema in COPD 28, 38 .
Observations from the BOS case study and the 5-yr interval case study (Fig. 5) provide key illustrative examples for physical interpretation of our results. In addition, the finding in our BOS case study, an example of a SAD-dominant disease, provides an important link to our 5-yr interval COPD case finding, in that S fSAD is sensitive to locally-varying structural changes that may indicate a worsening disease state. To confirm these results more extensive studies are required to pathologically validate S fSAD as a measure of SAD and as an indicator of SAD progression. Nevertheless, the findings reported in this study support the assertion that our new PRM analytical approach is able to capture subtle changes in disease progression while maintaining spatial context, which is unattainable using the original PRM concept.
Given the high prevalence and clinical cost of COPD, there is a critical need for further advancements to enable more accurate COPD phenotyping. Beyond COPD, small airway obstruction is a primary manifestation in various other lung diseases, including asthma 39 , obliterative bronchiolitis 40 , and cystic fibrosis 41 . Venegas et al. 42 have recently explored the importance of disease heterogeneity and local interaction between neighboring structures using model simulations of asthma. They have shown that small heterogeneity in ventilation potential produces an imbalance in the system leading to large patched effects, termed self-organized clustering. The ability of the presented method to retain spatial context of local topology could focus clinicians on specific disease-driving lung regions that may be suspect for the onset of emphysema. Our technique may also aid in the targeting of high risk lung regions for more-invasive interventions such as airway brushing, lavage, and biopsy, thus reducing sampling error. Additional work is still required to identify sources of error, test the sensitivity of the technique using large multi-center clinical data, evaluate longitudinal changes in disease pattern and validation using techniques such micro-CT. We introduced in this study an approach for extracting topological readouts from PRM classification maps for characterization of COPD phenotypes. Our method, which has revealed that fSAD pattern, as measured by S fSAD , is a key characteristic for assessing disease severity and is a promising next step in providing physicians with actionable data.
Methods
Patients. All methods were carried out in accordance with each participating center's guidelines and regulations. Informed consent was obtained from all participating subjects. Imaging and clinical data were acquired as part of a multicenter (University Medical Center Utrecht (UMCU) and University Medical Center Groningen (UMCG), registered at clinicaltrial.gov, number NCT00807469 and NCT00850863) cross-sectional study of acute and chronic inflammatory responses by smoking 27 . The University Medical Center Utrecht institutional review board and University Medical Center Groningen institutional review board approved all experimental protocols. COPD patients (GOLD stages 1 to 4) were extensively characterized based on pulmonary function tests (post-bronchodilator FEV 1 and FEV 1 /FVC), diffusion capacity tests, body mass index (BMI), six minute walking distance (6MWD), exacerbation frequency, the number of prednisolone or antibiotic courses in the past year, the Modified Medical Research Council (MMRC) breathlessness scale, BODE index (BMI, degree of airflow obstruction, dyspnea, and exercise capacity), the St. George's Respiratory Questionnaire (SGRQ) and low-dose chest CT scanning. Of the 95 COPD participants in the study, 3 did not undergo CT acquisitions and 4 could not be evaluated due to image quality issues, resulting in 88 subjects for evaluation (65 male, 23 female) (Supplemental Table 1 ).
CT Image Acquisition and Processing. Whole lung volumetric multi-detector CT acquisition was performed at full inspiration and normal expiration using a standard protocol 27 . Briefly, low-dose CT scans at full inspiration (30 mAs at: 90 kVp for patients weighing less than 50 kg, 120 kVp for patients weighing between 50 and 80 kg, and 140 kVp for those weighing more than 80 kg without dose modulation) and expiration (20 mAs at: 90 kVp for patients weighing less than 80 kg and 120 kVp for body mass greater than 80 kg) were acquired. Data was processed using a filtered back projection reconstruction with B30f kernel. High-resolution CT data were presented in Hounsfield Units (HU) with approximately isotropic voxel spacing of 0.7 mm. Stability of CT measurements for each scanner was monitored monthly using a phantom.
Lung parenchyma and airways were segmented from the thoracic cavity to restrict image registration and analysis to lung parenchyma. The inspiratory CT image was spatially aligned to the expiratory CT image. Segmentation and registration of paired CT data were performed using Lung Density Analysis software currently FDA-approved as a medical imaging device (Imbio, LLC, Minneapolis, MN).
Parametric Response Maps.
Prior to image analysis, both inspiratory and expiratory images were filtered using a 2D median filter on each axial slice with a moving window of 3 2 voxels in order to mitigate the effect of noise on resulting spatial maps. PRM analysis of inspiratory/expiratory lung CT images was performed as previously described 21 . Briefly, registered image voxels (3D discrete image unit consisting of inspiratory and expiratory attenuation values (i.e. HU)) within the segmented lung volume were classified into one of three classifications by imposing two thresholds: (i) −950 HU on inspiratory CT and (ii) −856 HU on expiratory CT. The classifications have been previously reported to identify healthy lung parenchyma (PRM Normal , green; >−950 HU on inspiration and >−856 HU on expiration), functional small airways disease (PRM fSAD , yellow; >−950 HU on inspiration and ≤−856 HU on expiration), and emphysema (PRM Emph , red; ≤−950 HU on inspiration and ≤−856 HU on expiration). Whole-lung measures from PRM analysis are reported as the relative lung volume for each classification (%PRM i , where i is an index for fSAD or Emph determined by PRM). In order to minimize the contribution of blood vessels and airways in the analysis, all voxels with HU values >−500 HU in either scan were omitted. Topological Analysis. Topological properties of each PRM classification map were explored as independent indicators of clinical outcome (Fig. 1) . These topological properties were defined in this study through the Minkowski measures (local estimates of the Minkowski functionals) associated with 3D distributions: Volume (V, in mm 3 ), Surface Area (S, in mm 2 ), Mean Breadth (B, in mm), and the Euler-Poincaré statistic (χ) 33 . Additional processing with use of the χ statistic produced a condensed descriptor of clustering, α (Supplemental Methods). A detailed description of these parameters is provided in the supplement (Supplemental Methods and Supplemental Fig. 1 ). Maps of Minkowski measures (i.e. V, S, B, χ and α) were computed using a moving window of size 21 3 evaluated on a grid of every 5 th voxel. Local values from each parameter were normalized to produce parametric densities, with V, S, and B normalized by the masked local window volume and χ and α were normalized by the masked window voxel count. Minkowski measures were quantified per subject as the mean local normalized value over the entire lung volume for group comparisons and regression. For display purposes (Figs 1 and 2 and Supplemental Fig. 4 ), we multiplied Minkowski measures (S, B, χ and α) by the local density, V, to highlight regions of substantial disease. Final displayed representations of spatially resolved indices have been linearly interpolated back to original dimensions. In addition, global values for V, S, B, χ and α were calculated for each PRM classification over the entire lung volume (Supplemental Methods). The expected behavior of each metric was evaluated using simulations of random distributions at each relative volume (Supplemental Methods and Supplemental Fig. 2 ). Parameter V is analogous to relative volumes of PRM classification. As such, this parameter was not included in the study analyses. All image processing were performed using in-house algorithms developed in a technical computing language (MATLAB, The MathWorks Inc., Natick, MA).
Statistical Analysis. Differences in metrics between GOLD were assessed by ANOVA using a Bonferroni post-hoc test to account for multiple comparisons. Topology (i.e. S i , B i , χ i and α i ) and extent (%PRM i ) of disease were evaluated as independent indicators of various clinical outcomes by multivariate linear or logistic regression analysis with stepwise entry. Regression analysis included age, gender, and body mass index (BMI) to account for known clinical correlations. All statistical computations were performed using a statistical software package (SPSS Software Products). Results were considered statistically significant at the two-sided 5% comparison-wise significance level (P < 0.05).
Case Study: Bronchiolitis Obliterans Syndrome (BOS). The local hospital's ethical committee
approved the use of this data (S57752). The case used for this analysis was a double lung transplant recipient diagnosed with BOS as part of a single site retrospective clinical study and has been used in a prior study 29 . The subject received azithromycin treatment for BOS but was found to be non-responsive and received a subsequent whole lung transplant surgery allowing for ex vivo analysis of the resected lung tissue.
Whole-lung serial paired CT scans were acquired prior to final transplantation. CT scans were obtained at full inspiration (TLC) and relaxed expiration (functional residual capacity) on Siemens Somatom scanner and reconstructed using a b60 or b70 reconstruction kernel. Slices were reconstructed to a thickness of 1.25 mm and acquired volumetrically over the thoracic cavity. Following transplantation, the lung explant was cannulated, inflated near TLC (30 cm of water pressure) and frozen solid in the fumes of liquid nitrogen at −10 cm water pressure and kept at −80 °C. Subsequently, the lungs were cut in frozen condition in 2 cm slices and cores of 1.4 cm diameter were extracted using a cork bore. Frozen cores were subsequently scanned in frozen state using a Skyscan 1172 microCT scanner at a resolution of 10 µm (40 kV, 226 mA) (Skyscan 1172, Brüker microCT, Kontich, Belgium). Reconstruction of scans was done using Nrecon software. Measurements of tissue fraction, surface density, number of obliterations, core volume, and the number of terminal bronchioles were extracted from each frozen core micro-CT in order to correlate with in vivo results. To evaluate lung regions with different topographical features, pre-transplant paired CT scans were spatially aligned to photographic images of the uncored and cored explant sections. Detailed methodology of the topological PRM analysis of individual cores is provided in the Supplemental Methods.
